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SUMMARY
1. Size and age are fundamental organismal traits and, typically, both are good predictors of 23 mortality. For many species, however, size and age predict mortality in ontogenetically 24 opposing directions. Specifically, mortality due to predation is often more intense on smaller 25 individuals whereas mortality due to senescence impacts, by definition, on older individuals. 26 2. When size-based and age-based mortality are independent in this manner, modeling mortality in 27 both traits is often necessary. Classical approaches, such as Leslie or Lefkovitch matrices, 28 usually require the model to infer the state of one trait from the state of the other, for example 29 by assuming that explicitly modelled age (or stage) class structure provides implicit information 30 on underlying size class structure, as is the case in many species. 31 3. However, the assumption that one trait informs on the other is challenged when size and age are 32 decoupled, as often occurs in invertebrates, fish, reptiles and plants. In these cases, age-33 structured models may perform poorly at capturing size-based mortality, and vice versa. 34 4. We offer a solution to this dilemma, relaxing the assumption that class structure in one trait is 35 inferable from class structure in another trait. Using empirical data from a reef fish, Sparisoma 36 viride (Scaridae), we demonstrate how an individual-based model (IBM) can be implemented to 37 model mortality as explicit, independent and simultaneous functions of individual size and age 38 -an approach that mimics the effects of mortality in many wild populations. By validating this 39 'multi-trait IBM' against three independent lines of empirical data, we determine that the 40 approach produces more convincing predictions of size-class structure, longevity and post-41 settlement mortality for S. viride than do the trait-independent or single-trait mortality models 42 tested. 43 INTRODUCTIONmales and mating (Robertson and Warner, 1978; vanRooij et al. 1996b ), all of which reduce time 106 available for feeding and thus energy available for somatic repair. In S. viride, territoriality 107 necessarily occurs later in life because individuals are obliged to first change sex and then enter a 108 non-territorial 'bachelor' phase until the opportunity to acquire a territory arises (vanRooij et al. 109 1996b) . Logically, the longer that a male spends guarding a territory, the greater the magnitude 110 of accumulated degeneration, and using age as a predictor of mortality may thus improve model 111
performance. 112
Sparisoma viride may even experience negative effects of aging without changing sex or status, 113 owing to the species' considerable investment in reproduction. Life history theory holds that 114 organisms differentially allocate limited resources between processes such as growth, repair and 115 reproduction to maximise fitness (Beverton and Holt 1959; Charnov and Berrigan 1991) . The existence of senescence-induced mortality is thus a plausible hypothesis in a reef fish such 120 as S. viride, which often mates every day, all year round (vanRooij et al. 1996a ). Classical 121 theories of senescence even suggest that elevated predation (extrinsic mortality) could hasten the 122 onset of senescence (intrinsic mortality) but evidence for this has been elusive in fish populations 123 (Reznick et al. 2004) . 124
As a result of the characteristics of S. viride highlighted above, we expected that a multi-trait 125 IBM that decomposed mortality into ontogenetically opposing size-based and age-based 126 components may outperform single-trait or trait-independent mortality models at reproducing the 127 complex demographic patterns observed in S. viride field data. We tested our hypothesis by 128 conducting simulations that incorporated mortality functions of increasing complexity, ranging 129 from a trait-independent null model, to an age-based model, followed by a size-based model, and 130 finally a multi-trait model. We validated each model against three independent sources of 131 empirical demographic data for S. viride, comprising: (1) size-class structure; (2) maximum 132 lifespan; and (3) juvenile mortality rates, and found that the multi-trait model provided the best 133 predictions of all three. 134
METHODS 135
SPECIES, STUDY SITE AND FIELD DATA 136
The stoplight parrotfish, Sparisoma viride (Scaridae), is a protogynous hermaphrodite whose 137 grazing of benthic algae is critical for the maintenance of ecological functions in Caribbean coral 138 reefs (Mumby et al. 2004) . Following a planktonic larval phase, individuals of this species settle 139 to the reef at a size of ~10 mm (vanRooij et al. 1996a ) after which they may transition through 140 four life phases (life cycle stages, Plate 1), namely (1) juvenile, (2) mature female, (3) bachelor 141 male and (4) territorial male. The phases are sequential but not obligate and transitions are 142 mediated by social factors (vanRooij et al. 1996b ). Post-settlement juveniles reach sexual 143 maturity at ~150 mm, after which individuals may remain female or change sex (vanRooij et al. 144 1996b) . Mature females either join harems guarded by territorial males in the deeper reef front 145 area, or they join the roving groups in the shallower areas (vanRooij et al. 1996b ). Multiple 146 females from both deep and shallow groups spawn daily with each territorial male (vanRooij et 147 transition males that have not yet acquired a territory. These 'bachelor' males do not spawn, but 149 instead invest in rapid growth, which may maximise their ability to take over a territory, should 150 the incumbent male die. Territorial males guard harems of females in the forereef areas, and 151 spawn daily (vanRooij et al. 1995) . Although the ecology of the species is unusual, it is by no 152 means unique for a reef fish (Warner 1984) . 153
In order to construct and validate our S. viride IBM, we collated empirical data for somatic 154 growth rates, population size structure, maximum lifespan and juvenile mortality, which are the 155 best demographic data available for this species. We gathered data for growth rates and size 156 classes ( Fig. 1) rates of reproduction because post-settlement processes decouple numerical relationships 180 between adults and recruits in reef fish (Hixon and Carr 1997) . Instead, we assumed that 181 recruitment was sufficient to offset mortality in the Bonaire population, which remained at stable 182 equilibrium during the sampling period (vanRooij et al. 1996b) . Consequently, the models were 183 allowed to draw in the number of recruits they required to maintain population densities near the 184 empirical mean of 441 individuals ha -1 . 185
We modelled somatic growth quasi-continuously (mm scale at monthly time steps) using the von 187 
where L 1j is the total proportion of phase j in class L 1 , L 1j(non) is the non-transitioning proportion 212 of phase j in class L 1 (i.e., individuals that have already transitioned phase prior to growing into 213 L 1 ), and L i is the proportion of phase i in class L. Substituting the observed life phase proportions 214 (Table 2) 
MODEL STRUCTURE -COMPLEXITY 240
Optimal complexity, that is the number of parameters at which model 'payoff' is maximised, is 241 not achieved in the same way in bottom-up, process-based models such as IBMs as in most 242 classical models (Grimm and Railsback 2004) . In the latter, there is a negatively linear 243 relationship between model payoff and the number of parameters, meaning that more complex 244 models must be penalised to account for the fact that fit systematically improves as parameters 245 are added (Akaike 1974). In bottom-up models, on the other hand, the trade-off curve of 246 complexity versus payoff is humped, such that model payoff initially increases as parameters are 247 added, before subsequently declining as the model becomes saturated (Grimm et al. 2005) . 248
Payoff is thus maximised at an intermediate level of complexity, dubbed the Medawar Zone 249 (Loehle 1990) , and in the application of IBMs to ecology, optimal model complexity may best be 250 determined by comparing the patterns that emerge from the model against patterns observed in 251 the study system (Grimm and Railsback 2004) . 252
mortality functions of varying complexity to calculate the probability of mortality for each 255 individual at each time step. The mortality functions implemented in the four IBMs were as 256 follows: 257
Null model: Coefficient of natural mortality (CNM) 258
The simplest IBM we tested treated mortality as a constant decay in the density of year classes, 259 governed by the parameter M, which is the exponent of the rate of decay. This function is known 260 as the coefficient of natural mortality (CNM), and it is commonly used to infer fish mortality 261
rates (Gislason et al. 2010), including S. viride (Paddack et al. 2009). The CNM implicitly 262
assumes that all individuals have a constant probability of mortality, regardless of size or age . 263
For the purposes of comparing mortality functions where age and/or size are important 264 predictors, here we considered the CNM our null model. In the CNM function, the individual's 265 probability of mortality at each monthly time step was given by: 266
where more negative values of M increase the decay rate of the function. 268
Age-based model 269
The second IBM included a function where only the individual's age was a predictor of its 270 mortality. We used the Gompertz function (Gompertz 1825), which is a special case of the 271 generalized logistic function originally developed to model mortality in humans and has since 272 found widespread application in demography (Olshansky and Carnes 1997) and gerontology 273
14 (Juckett and Rosenberg 1993). In the age-based model, the probability of mortality was given 274
by: 275 (6) 276 where t is the individual's age (months), and b and c are parameters of the Gompertz function. 277
More negative values of b displace the mortality curve to the left, hastening the onset of 278 senescence, and more negative values of c increase the growth rate of the function. 279
3.
Size-based model 280
In the third IBM, we implemented mortality as a sole function of individual body size. We used 281 the quadratic mortality model of Kirkpatrick (1984) , which is a widely used, flexible equation 282 that allows mortality to be modelled as a range of u-shaped or monotonic functions of body size. 283
In our size-based model, the probability of mortality was given by: 284
where m 1 controls the vertical intercept, L* is the x-axis value (body size) at which the 286 probability of mortality is minimised and m 2 defines the lower vertical boundary of the function. 287
Multi-trait model 288
Our final model predicted the probability of mortality for each individual as an additive but 289 opposing function of both its size and age, whereby the probability of mortality was negatively 290 influenced by increasing body size ( Fig. 2A) whilst simultaneously being positively influenced 291 by increasing age (Fig. 2B) . of the exponential mortality function of age (t). 300
MODEL VALIDATION 301
Although the length data simulated by the IBM were quasi-continuous (mm scale at one month 302 increments), the data were subsequently classified into 50 mm bins to match the format of the 303 original field data (Fig. 1) . We then used the field data to validate the four IBMs for the goodness 304 of their predictions of: (1) the population size structure observed in Bonaire ( Fig. 1; vanRooij grid-search optimization to minimize the value of a weighted objective function (δ), which was 308 the absolute difference between each simulated size class frequency and the corresponding 309 observed size class frequency, expressed as a proportion of the observed class frequency, and 310 these differences were then summed for the eight classes, such that: 311 (9) 312 where i represented the size classes, was the mean simulated class frequency, and was the 313 mean observed class frequency. The goodness-of-fit of the four models was assessed using two-314 sample Pearson's chi-square tests to compare the mean size-class densities of the model outputs 315 dynamics, these pre-equilibrium outputs were discarded and models were resampled from the 320 subsequent 100 time steps. 321
In order to assess the robustness of the best fitting model to the aforementioned assumptions 322 (variable recruitment, nonlinear mortality functions), a sensitivity analysis was conducted. We 323 increased the fitted parameters by 10% one at a time and calculated the effect on δ (equation 9). 324
The sensitivity of δ to model parameters was quantified as the divergence from the value of δ 325 that had been obtained when all of the optimal parameter values were used together in the model. 326
This means that the model is most sensitive to the parameter(s) that caused the greatest 327 divergence of δ. 328
RESULTS
329
We describe the results of the four models in turn, analysing the performance of each model in 330
replicating empirical values for: 1) size class structure, 2) maximum lifespan, and 3) juvenile 331 mortality. 332
Null model: Coefficient of natural mortality (CNM) 333
Fitted parameters: The optimised model with constant mortality (Fig. 3, top row) predicted the 334 coefficient of natural mortality at -0.26, which is the exponent of the population decay rate, and a 335 settlement flux of 6 individuals ha -1 mo -1 . The predicted mean population density was 336 considerably below the empirically observed value of 441 individuals ha -1 (dashed line in Fig.  337 eight size classes to within the 95% confidence intervals of the field data (Fig. 3C) . However, the 339 two smallest classes (0-50 mm and 51-100mm individuals) were underestimated. A two-sample 340 chi-square test suggested that the class densities produced by the CNM model fail to fit the field 341 data population distribution (χ juvenile mortality at 0.06 after three months, whereas empirical mortality rate at Barbados was 345 found to be 0.97 (Vallès et al. 2008) . 346
Age-based mortality 347
Fitted parameters: Our second IBM modelled as a function of age (Fig. 3, second row) replicated empirical densities to within the 95% confidence intervals of the field data but, also as 354 with the CNM model, it failed to predict the two smallest classes (Fig. 3F) . The class densities 355 produced are unlikely to be from the same distribution as the field data (χ 
3.
Size-based mortality 361
Fitted parameters: Our third IBM modelled as a function of size (Fig. 3, third row) Fig. 3G) . 366
Model validation: (1) Size class structure: For four out of the eight size classes, the size-based 367 model predicted densities to within the 95% confidence intervals of the field data but failed to 368 accurately predict the other four, including the two largest classes that contain most of the 369 territorial males (Fig. 3I) . The class densities produced are unlikely to be from the same 370 distribution as the field data (χ 
Multi-trait model 376
Fitted parameters: Our fourth IBM (Fig. 3 , bottom row) modelled mortality using two 377 exponential, ontologically opposing functions of size and age (Fig. 2) 
SENSITIVITY ANALYSIS 392
A sensitivity analysis of the fitted parameters (Fig. 4) showed that the multi-trait model was most 393 sensitive to a, the parameter that controls the vertical range of the size-based mortality function, 394 such that greater fitted values of a define a higher initial probability of mortality at the first time A notable prediction of the multi-trait IBM is the existence of a late-life change in the way 426 mortality acts on the S. viride population in Bonaire (Fig. 2B) , which supports our overarching 427 hypothesis that size-based and age-based mortality act in ontogenetically opposing directions in 428 our study animal. Although molecular and/or physiological evidence would be required to 429 corroborate our modelling results, we speculate that this prediction of late-stage and rapid age-430 based mortality in S. viride may be driven by an acute change in the way males invest energy 431 when they acquire a territory. The Disposable Soma Theory (DST, Kirkwood 1977) The benefits afforded by territoriality come at a cost (Clifton 1990) . Although the elevated 443 reproductive output of a territorial male compensates the individual for the spawning foregone 444 during the 'bachelor years', energetic expenditure is extremely high and the spawning rate of 445 territorial males in Bonaire was negatively correlated with growth rate (vanRooij et al. 1996b) . 446 Based on our model prediction that S. viride is subject to late-stage mortality, bachelor males and 447 territorial males of the same age in the same population (same energy resources, same extrinsic 448 mortality etc.) may be expected to exhibit different rates of mortality. The S. viride population in 449
Bonaire may thus be an ideal study system for DST investigations in a wild population. 450
A limitation of our study is that our models unavoidably lack a fecundity relationship that 451 numerically couples the densities of breeding adults and juveniles. Unfortunately, quantifying 452 22 stock-recruitment relationships has proven as elusive in S. viride (Vallès et al. 2008) 
